I Introduction
The consumption-based capital asset pricing model (C-CAPM) introduced by Lucas (1978) , Breeden (1979) , and Grossman and Shiller (1981) , determines asset risk by the covariance of the asset's return with marginal utility of consumption. However, empirical investigations have lent little support to the relations obtained from the model. Tests of the C-CAPM have led to rejection of the model as well as unrealistic parameter estimates resulting in the establishment of the so-called "equity premium puzzle" (Hansen and Singleton (1983) , Mehra and Prescott (1985) , Kocherlakota (1996) ). This in spite of the fact that the model is of an intertemporal nature, in the spirit of the I-CAPM of Merton (1973) . In fact, the model is found to be outperformed by the static CAPM (Mankiw and Shapiro (1986) ) and unrestricted multifactor models, when it comes to explaining cross sectional asset returns.
Despite the empirical failures of the consumption based model, the economic intuition underlying the model is so intuitively appealing that it would be a mistake to dismiss it completely. It also has the property that models such as the CAPM and the APT, can be mapped into the framework as special cases, as pointed out by Cochrane (2001) . The relation linking the marginal utility of consumption to asset returns still holds, but additional assumptions are made enabling other variables to be used in place of consumption. So if the model can't be dismissed, why is it failing empirically?
This paper looks at two strands of literature addressing the poor empirical findings of the C-CAPM. One is the I-CAPM of Campbell (1993 Campbell ( , 1996 and Campbell and Vuolteenaho (2004) . This is an intertemporal model, based on the same framework as the C-CAPM, but rephrased without reference to consumption data. The other strand looks at the conditional pricing ability of the C-CAPM in a scaled factor setup, as in Cochrane (1996) , Ferson and Harvey (1999) , and Lettau and Ludvigson (2001b) .
These models take two different directions, but with the common goal of improving on the empirical performance of the C-CAPM. The question is, do they succeed? This paper will compare the asset pricing ability of the traditional C-CAPM with that of these alternative models.
The first strand to be investigated is based on the argument of Campbell (1993) , that the poor empirical performance of the C-CAPM may be due to problems inherent in the empirical consumption data used to test the model, rather than with the theoretical assumptions underlying. Firstly, aggregate consumption data are measured with error and are time-aggregated (Grossman (1987) , Wheatley (1988) , and Breeden et al. (1989) ). Secondly, the consumption of asset-market participants may be poorly proxied by aggregate consumption (Mankiw and Zeldes (1991) ).
To address these issues Campbell (1993) develops an intertemporal model, which uses the same building blocks as the C-CAPM, but makes no references to consumption data. Using a first order Taylor expansion of the intertemporal budget constraint of the representative investor and combining it with a log-linear Euler equation, one is able to express unanticipated consumption as a function of expectational revisions in current and future returns to wealth, thereby eliminating all references to consumption. The model can thus be estimated empirically without running into consumption data issues usually faced when testing the C-CAPM. In Campbell and Vuolteenaho (2004) , the model is rewritten in a two-beta notation and is found to give an explanation for the size and value anomalies found when estimating traditional asset pricing models such as the CAPM and C-CAPM. Campbell and Vuolteenaho (2004) compare the pricing errors of their model to the CAPM, but do not estimate the C-CAPM.
The other strand of literature treated in this paper looks at the conditional pricing ability of the C-CAPM in a scaled factor setup. That is, it is assumed that the cause of the poor empirical performance of the C-CAPM is that the model is in fact only able to price assets conditionally. This would allow for recent empirical evidence of time variation in expected returns. By estimating the models conditionally, we can incorporate time-varying risk premia into the models. Lettau and Ludvigson (2001b) find that the conditional version of the C-CAPM, using the approximate log consumption-wealth ratio cay as scaling variable, is also able to explain the value and size anomalies. The model performs far better than the unconditional C-CAPM and about as well as the three factor model of Fama and French (1993) .
Both strands of literature have had some success in explaining the empirical anomalies the C-CAPM fails to fit. But how do the models compare to each other? Is one of the model strands unequivocally better than the other at fitting the historical data? Do we have a clear cut empirical replacement for the C-CAPM? To answer these questions we first look at the statistical significance of the pricing errors resulting from the various models. In order to look into the relative pricing ability, both the average squared pricing errors and a composite pricing error, created by weighting pricing errors by the variance of the respective asset returns, are investigated. These measures will give us an idea of the economic magnitude of the pricing errors of the models. Finally, the distance measure of Hansen and Jagannathan (1997) is also computed. This can be interpreted as the maximum pricing error pr. unit payoff norm.
Estimation of the traditional asset pricing models undertaken in this paper support the findings of previous research. The CAPM and C-CAPM result in insignificant coefficient estimates and high pricing errors. When looking at the cross sectional estimates the Fama-French model are somewhat unstable. The estimated risk price on the market return becomes negative. This is unlike previous findings in the literature, as reported by Lettau and Ludvigson(2001b) . If the sample period is restricted from our sample to the slightly shorter subperiod used in Lettau and Ludvigson, positive coefficient estimates are once again obtained. Thus, the risk price on the market return of the Fama-French model appears very unstable in cross sectional estimations. This is due to the relatively low degree of variation in market return betas across average portfolio returns. In fact, eliminating the market return risk factor from the Fama-French model makes almost no difference to the cross-sectional pricing ability of the model.
The conditional versions of the CAPM and C-CAPM do a better job of fitting the data than the traditional unconditional models, although especially the conditional C-CAPM still has problems with insignificant coefficients. The intertemporal model of Campbell and Vuolteenaho (2004) also outperforms the traditional models. Pricing errors are reduced and the unconditional equity premium is fitted relatively well. However, when comparing the pricing ability of the two alternative strands, we cannot point to one setup as the obvious replacement for the traditional C-CAPM. There is no distinct difference in the pricing ability of the two strands, when comparing the various weighted pricing error measures.
The paper is structured in the following manner. Section II will present the different asset pricing models to be considered. Section III describes the empirical estimation techniques used. The data is described in section IV, empirical results in section V and finally in section VI we conclude.
II The Models
In the absence of arbitrage, a stochastic discount factor M t+1 exists, such that any asset return R i,t+1 obeys the following relation
R i,t+1 is the gross return on asset i from time t to t + 1, M t+1 is the stochastic discount factor or pricing kernel, and E t is the conditional expectation operator. The question we face is, how is the stochastic discount factor to be expressed? The economic argument of the consumption based asset pricing model (C-CAPM) is that M t+1 should be a measure of the marginal rate of substitution. In order for an agent to invest in a given asset at time t, the expected return at time t + 1 must compensate for the consumption possibilities given up at time t. In the C-CAPM, the stochastic discount factor is thus given by
δ is the subjective rate of time preference discount factor, u (•) is the utility function, and c t denotes consumption. Despite the strong underlying economic intuition, the empirical performance of this model has been poor. If we don't wish to disregard the model completely, we have to look at what factors may be causing the empirical problems. Are there some deviations between the simple economic theory presented in (1) and (2) and the empirical estimates. If we look at where problems could arise, three places spring to mind. Firstly, to estimate the C-CAPM we must choose an operational form of the utility function. Many utility functions have been suggested, but the traditional C-CAPM is based on the power utility function. This may however be an inaccurate description of the utility function of agents and hence the model may be failing on these grounds. Secondly, the functional forms of (2) traditionally associated with the C-CAPM assume constant risk premia. Evidence of time-variation in expected returns, on the contrary, make it desirable to allow for time-variation in the risk premia of the model. The problem with the C-CAPM may thus be, that in actuality it only holds conditionally. Finally, estimation of the C-CAPM requires the use of an empirical measure of the consumption of the marginal investor c t . This is most often proxied by some measure of aggregate consumption in the economy, often based on expenditures on goods and services. Any deviations between the theoretical consumption measure and the empirical data may be resulting in the poor empirical performance of the C-CAPM. Attempts have been made to rectify the empirical struggles of the C-CAPM, by developing factor models with SDF's that form good proxies for the right hand side of (2), and take the three problems described above into consideration. In this paper we will look at whether these attempts help or harm the pricing ability of the C-CAPM.
The models treated in the following can all be mapped into the linear factor model framework. In this case, M t+1 is quantified as a linear combination of a number of factors determined by the underlying theory of the given model. Let
is the vector of factors included in the model. The stochastic discount factor is given by
where c = [1, b 0 ] and b is the vector of coefficients on the variable factors of the model. As noted by Cochrane (2001) , all factor models are in reality specializations of the consumption-based model. Some additional assumptions are made, allowing marginal utility growth to be replaced by other economically relevant factors, such that the right hand side of (2) is proxied by the right hand side of (3) .
In order to estimate the factor models cross-sectionally, we rewrite them in a beta representation. Inserting (3) into the general pricing equation (1) , taking unconditional expectations and applying a variance decomposition results in the following cross-sectional multifactor model
R f,t+1 is the risk-free rate of return, for which it holds that R f,t+1 = 1 E(Mt+1) . We have introduced the general linear factor model framework and now comes the time to look at which factors are included in the specific models studied in this paper.
II.1 Traditional asset pricing models
As noted in the previous section, the stochastic discount factor of the C-CAPM is based on the marginal rate of substitution of consumption. To estimate the model, one in principal needs to decide how to model the utility function. Often power utility is applied. However extensions using the more general EpsteinZin-Weil utility and habit based functions have also been introduced. To avoid being constrained by the choice of utility function, it is assumed that M can be proxied by a linear function of log consumption growth c t+1
This approximation holds, regardless of the functional form of the investors utility. As is evident, (7) is a linear factor model with log consumption growth as the sole factor. It is also referred to as the log-linearized C-CAPM. Traditionally, the parameters a and b are taken to be time invariant, which will also be the case for the base model of this paper. From (4) we find the cross-sectional asset pricing model, in beta representation
This is the model that forms the basis of our investigation. A simple equation which relates asset returns to consumption growth. Although the focus of this paper is on the C-CAPM, and attempts to improve on its poor empirical performance, we also include two other well known asset pricing models. This allows us to get a sense of the level of pricing errors we are experiencing in the consumption based setup, compared to other models traditionally estimated in the literature. The two models are the CAPM and the three factor Fama-French (1993) model.
The SDF of the CAPM with time invariant parameters can be written as
where R m,t+1 is the return on the aggregate market. In beta representation we have
As Cochrane (2001) points out, the CAPM is in fact contained in the C-CAPM as a special case, adding additional motivation for the introduction of the CAPM. The Fama-French model is slightly different from the other models investigated, in that it is empirically, not theoretically, driven. The factors are chosen based on patterns observed in data, rather than being derived from an underlying economic theory. The three factors of the model are the return on the aggregate market R m,t+1 , known from the CAPM, the return on the "small minus big" portfolio (SMB), and the return on the "high minus low" portfolio.
SMB and HML are constructed in Fama and French (1993) , and are based on 6 portfolios sorted on size and the ratio of book equity to market equity (BE/ME) of the assets. SMB is the difference in returns between the small and big stock portfolios, sorted by size. HML is the difference in returns on the high-and low-BE/ME portfolios. Finally, we estimate a two factor model which combines the factors of the C-CAPM and the CAPM
The motivation for this model, should become evident when the I-CAPM of Campbell and Vuolteenaho (2004) is introduced. In order to develop that model, Campbell (1993) bases his derivations on a C-CAPM with Epstein-Zin-Weil (EZW) utility. A log-linearization of the EZW C-CAPM results in a two factor model of the form presented in (12) . Hence, when we compare the I-CAPM to the original consumption based asset pricing framework, it makes sense to use the functional form on which the I-CAPM is based.
II.2 Conditional models
The models presented so far, have all been assumed to price assets unconditionally. However, the cause of the empirical failure of the C-CAPM may be that the model is in fact only able to price assets conditionally. In recent years there has been increasing evidence indicating predictability in excess stock returns. Predictability implies that expected returns can vary over time. This variation in investors expectations of asset returns may be due to time varying risk premia. The risk premia can become state dependent if agents require a higher risk premium to invest in stocks in times of recession for example as proposed by Campbell and Cochrane (1999) . The traditional C-CAPM and CAPM do not allow for such time variation in risk premia and Lettau and Ludvigson (2001b) suggest this to be a reason for the empirical failure of the models.
To model time-variation in risk premia, we need to let the weights on the factors in the pricing kernel become time dependent
In order to estimate this model, Cochrane (1996) and Ferson and Harvey (1999) show that we can scale the factors in the SDF with instruments containing time t information, allowing us once more to estimate the model unconditionally. First, model the parameters as linear functions of the instrument z t
The pricing kernel with time varying coefficients can then be rewritten as
and we are back in the unconditional framework with time invariant coefficients.
For the consumption based model this results in
Equivalently, if we substitute R m,t+1 into the above equation instead of ∆c t+1 we obtain the conditional CAPM. In matrix notation
with 
where β is the vector of regression coefficients stemming from regressing returns R i,t+1 on F t+1 , λ is a free parameter vector and R f,t+1 is the return on the zerobeta portfolio or risk-free rate of return. In order to estimate conditional factor models, we need to choose a vector z t of scaling variables. The conditional models state that the coefficients on the factors in the SDF of the factor model are dependent on the investors information set at time t. Hence the scaling variables need to describe the state of the business cycle at time t. As it would be impossible to include all information in the investors information set in an empirical estimation, we need to find variables that summarize all relevant effects. On the other hand, we need to take into account the tractability of empirical estimation when choosing the scaling variables. To avoid an explosion in the number of parameters to be estimated, relative to the length of the time-series of data used in this paper, we limit the number of scaling variables to one. Lettau and Ludvigson (2001b) suggest using the variable cay as the scaling variable in the conditional factor models. cay can be described as a proxy for the log consumption-aggregate wealth ratio and it may be used to forecast excess stock market returns. It is calculated as cay t = c t − ωa t − (1 − ω) y t , where c t is consumption, a t is asset wealth, and y t is labour income. ω is the average share of asset wealth in total wealth. The three variables are assumed to be cointegrated and ω is computed as a cointegrating coefficient. Ludvigson (2001a, 2005) II.3 The Campbell I-CAPM Merton (1973) builds an intertemporal capital asset pricing model where asset risk is measured as the covariance between the asset's return and the marginal utility of investors. By deriving the model in an intertemporal setting, innovations in the marginal utility of investors are driven by shocks to wealth itself, but also by changes in the expected future returns to wealth. The ICAPM can thus be viewed as a multi-beta version of the CAPM, but it requires all state variables needed to describe the characteristics of the investment opportunity set to be identifiable. Taking this into account, empirical testing of the ICAPM quickly becomes difficult, due to the multitude of state variables needed. This problem was solved by the consumption-based capital asset pricing model (C-CAPM), which collapses Merton's multi-beta pricing equation into a single-beta pricing equation. The poor empirical performance of the C-CAPM suggests, that this may not necessarily be the right approach. One of the major problems in estimating the C-CAPM is the quality of the empirical consumption data needed to estimate the model. If there is a large divide between the theoretical measure of consumption growth of the model and the empirical data, then it is natural to expect poor empirical results for the model. Not because the model as such is faulty, but merely due to data issues. Campbell (1993) suggests a way out of this problem, by substituting consumption out of the C-CAPM, but still keeping the model tractable for empirical estimation. Under the assumption of homoskedasticity and joint lognormality of asset returns and consumption, Campbell shows that
where r i,t+1 is the log return on asset i, r m,t+1 is the log market return, ψ is the elasticity of intertemporal substitution. Thereby, one is able to transform a log linearized C-CAPM into a cross-sectional asset pricing model, making no references to consumption:
states the log-linearized C-CAPM, assuming Epstein-Zin-Weil utility, and (19) introduces the Campbell I-CAPM, in which all references to consumption growth have been eliminated. γ is the coefficient of relative risk aversion and θ =
. The model states that the excess return on asset i is determined by a weighted average of the asset return's covariance with the current market return and the return covariance with news about future market returns.
Campbell and Vuolteenaho (2004) develop the model further and rewrite it in beta representation as a two factor intertemporal model. Starting with the basic loglinear approximate decomposition of asset returns from Campbell and Shiller (1988) , the following expression obtains:
where r i,t+1 is the log return on asset i, d i,t+1 is the log dividend on asset i, and ρ is a discount coefficient 1 . The identity (20) states that unexpected returns are linked to changes in expected cash flows or changes in expected discount rates. Increases in expected cash flows imply positive unexpected returns today. Increases in the expected future discount rate, on the other hand, have a negative effect on current returns. If future discount rates rise, we must discount cash flows by a higher rate thus resulting in a downward revision in prices today and thereby returns. This downward revision will however be reversed in the future as increases in future discount rates also imply improved future investment opportunities. Unlike shocks stemming from cash flow revisions, the return shocks stemming from revisions in forecasts of discount rates are thus of a transitory nature.
Let the return r m,t+1 be given by the aggregate market return, N m,CF,t+1
. The unrestricted SDF of Campbell and Vuolteenaho (2004) is
In order to determine N m,CF,t+1 and N m,DR,t+1 empirically, a VAR approach is used and estimated with OLS. s t is a K-element state vector. The first element of s t is the market return. The remaining elements are variables relevant in forecasting future stock index returns. All variables have been demeaned as the constants, that would otherwise arise, just capture the linearization constraints. It is assumed that s t follows a first-order VAR
This is not restrictive, since higher order VAR systems can be written in companion form. The VAR methodology enables us to express multiperiod forecasts of future returns in the following manner
Define e1 as a K-element vector with first element one and the remaining elements zero. This vector is used to pick out the return on the market from the state vector s t . The discounted sum of forecast revisions in returns on the market can now be found as
The Campbell I-CAPM can now be restated in terms of the two factors N m,CF,t+1 and N m,DR,t+1 derived by Campbell and Vuolteenaho (2004) .
Finally, we need to rephrase the model of eq. (26) in a beta representation. Define two beta terms based on N m,CF,t+1 and N m,DR,t+1
Substitute these expressions into eq. (26) and we obtain the following crosssectional asset pricing model
By taking unconditional expectations and rewriting the left hand side of the relation in simple expected returns form,
], we get the two beta I-CAPM of Campbell and Vuolteenaho (2004)
The model will also be estimated in an unconditional, unrestricted version:
We would expect the coefficient on the cash flow beta to be higher than that found on the discount rate beta. Since the effects of cash flow changes are of a permanent nature, whereas those stemming from discount rate changes are transitory, a long-term investor would be more sensitive to the shocks stemming from the first beta. Hence, the investor would require a higher risk premium for holding assets with high cash-flow beta sensitivity. Finally, in the spirit of Hodrick and Zhang (2001) we also estimate a linear SDF with a constant and those variables included in the state vector s t of Campbell and Vuolteenaho (2004) as factors. This is not an intertemporal model as the I-CAPM, but a factor model in the spirit of the APT model. The factors used are not innovations, but pure factors and it has none of the parameter restrictions imposed on the Campbell and Vuolteenaho model. A comparison with this model will tell us, if any improvements the I-CAPM results in over the C-CAPM are a result of the merit of the theory and techniques underlaying Campbell and Vuolteenaho (2004) or if a simple model containing the state variables of their VAR does equally well. When comparing the models, we must take into account the fact that the pure factor model contains more free parameters than the Campbell and Vuolteenaho model. We should therefore not be surprised to see some improvement in the pricing ability when using this model, even if the restrictions of the I-CAPM are valid.
III Estimation technique
To estimate the β and λ parameters of (17) a number of econometric methodologies could be applied. This paper uses the approach suggested by Fama and MacBeth (1973) . The method is advantageous in this study due to the small number of time series observations relative to the number of cross sectional portfolios treated. The dataset consists of 200 quarterly observations and 25 asset return portfolios. Instead of estimating the models with the Fama-MacBeth methodology, one could estimate the models by GMM. However, to get stable GMM estimates we would most likely have to reduce the number of portfolios investigated. The ratio of moment restrictions to time series observations, would simply be too high with all 25 portfolios. Another problem with using GMM for this type of investigation, is the choice of weighting matrix. Fama-MacBeth estimation is akin to 1. stage GMM with an identity matrix as weighting matrix. All 25 portfolios investigated are given equal importance when attempting to fit the model to the data. Alternatively one could use the optimal matrix of Hansen (1982) and iterate. This would mean placing different weights on the various portfolios dependent on the variance of the returns. We would like the models treated here to be able to price all 25 Fama-French portfolios equally well, which such an approach would not take into account. One of the main problems with the traditional models has been their inability to price the extreme portfolios. Small stocks and value stocks have historically realized higher returns than predicted by the betas of the traditional CAPM and C-CAPM. So to take an econometric approach that allows the models to place varying weights on these portfolios, would eliminate some of the effects we are trying to investigate. We want to see how well the different models price these specific 25 portfolios.
For simplicity, the Fama-MacBeth estimation technique is described for a one factor model. First, run time-series regressions of portfolio excess returns on the factors of the respective models to find estimates of β.
This gives us a beta estimate for each asset portfolio. Now run one crosssectional regression for each time period of excess returns on the time series regression betas
The Fama-MacBeth estimates λ and α i are then found as the time series average of the parameters estimated in the cross-sectional regressions.
Standard errors of the parameter estimates are obtained in the following manner
Cochrane (2001) shows that the parameter estimates from the Fama-MacBeth procedure will be equivalent to those found from a pure cross-sectional OLS estimate, given time-invariant β i and estimation errors ε i,t which are uncorrelated over time. However, the OLS distribution assumes that the right-hand variable β is constant. This is not the case in the Fama-MacBeth regression as we are estimating β in the time-series regression. Hence, we need a correction for the sampling error in β. Shanken (1992) shows that the correction can be made using a multiplicative term given by
f λ´. Σ f is the variance-covariance matrix of the factors. The resulting corrected standard errors are given by
Σ is the residual covariance matrix from the time-series regression, I N is the N ×N identity matrix. Jagannathan and Wang (1998) find that Fama-MacBeth standard errors may not overstate the precision of the estimated coefficients when conditional heteroskedasticity is present. For this reason we also present uncorrected standard errors. To test for zero pricing errors we can run the test
where b α is the vector of pricing errors from the Fama-MacBeth procedure 3 . In addition to just testing whether the pricing errors resulting from the various models estimated in the paper are statistically different from zero, we also want to be able to compare the magnitude of the pricing error across models. Firstly we report average squared pricing errors. In this case, pricing errors from all portfolios investigated are thus given equal weighting. We also compute a composite pricing error given by
where b α is the vector of estimated residuals from the cross-sectional regression and Ω −1 is the variance-covariance matrix of asset returns. Here the weight given to each portfolio pricing error is dependent on the precision with which the average returns on that portfolio are measured. As is evident, the weighting matrix in the CE measure is invariant between the different factor models. This allows comparison of the magnitude of the pricing errors across models. There are concerns with the accuracy of the estimate of the full variance-covariance matrix of asset returns given the high number of asset portfolios relative to time-series observations. Hence we also report composite pricing errors based on a diagonal variance matrix. The diagonal elements of the matrix contain the variance of returns and the remaining elements are set to zero.
Finally, the Hansen-Jagannathan distance measure is also reported. This is computed as
So in this case we weight the vector of estimated residuals from the crosssectional regression by the moment matrix of asset returns to achieve a measure of model pricing ability. Hansen and Jagannathan (1997) show that this measure can be interpreted as the maximum pricing error pr. unit payoff norm.
IV Data
This paper estimates the models described on US data at a quarterly frequency for the time period running from the 1. quarter of 1952 to the 4. quarter of 2001. For the return on the stock market portfolio the return on the CRSP value weighted stock index (NYSE/AMEX/NASDAQ) is used. The risk-free rate is obtained as the return on T-bills with three month maturity, taken from CRSP. Consumption growth is based on seasonally adjusted, pr. capita, quarterly expenditure on nondurables and services, taken from the Bureau of Economic Analysis, U.S. Department of Commerce.
The factors N CF and N DR , which form the basis of the CV model, are based on a VAR model using the same state variables as those used in Campbell and Vuolteenaho (2004) . The state variables used for the main estimation will be the log excess return on the market portfolio, the yield spread between long-term and short-term bonds, the smoothed price-earnings ratio from Shiller (2000) , and the small-stock value spread. The value spread is based on data from the website of Kenneth French and is defined as the difference between the log book-to-market ratio of small value and small growth stock. The N CF and N DR estimates are based on VAR estimations over the full sample of Campbell For the cross-sectional asset pricing model estimation, equity return data is based on the excess returns of 25 portfolios sorted by the Fama and French (1993) factors. These are returns on US stocks (NYSE/AMEX/NASDAQ) sorted into 25 portfolios. The portfolios are constructed on the basis of size and the book equity to market equity ratio (BE/ME) quantiles. The portfolio returns are available on the website of Kenneth French. Returns are measured in excess of the 3-month T-bill rate. Data on the SMB and HML factors of the 3 factor Fama-French model are also taken from the website of Kenneth French.
V Empirical Results
The assets used for the empirical cross-sectional estimations of this paper are the 25 Fama-French portfolios. As noted in the previous section, these consist of US stock returns grouped into 25 portfolios based on a sorting by size and BE/ME. Summary statistics are shown in table (1) .
The portfolios show a clear pattern of increasing average returns as we move from growth to value stocks. In the small stock case we go from an annualized return of 4.8% for growth stocks to 14.3% for value stocks. On the other hand, the standard errors of growth stocks are higher than that of value stocks. The least volatile portfolios are those in the mid quantiles, based on the BE/ME sorting. This is where the largest concentration of stocks is placed, whereas the extreme portfolios are based on relatively few cross sectional observations. Apart from the five growth portfolios, there is a general tendency for falling average returns when moving from small to large portfolios. For value stocks average annualized returns fall from 14.3% for small stocks to 9% for large stocks. For the growth portfolios, the pattern is slightly different. Unlike the other portfolios, we observe a tendency towards rising average returns when moving from small to large stock portfolios.
The question is now, how well the various models fit these return patterns.
The following tables report estimates of λ, uncorrected and Shanken-corrected standard errors for these estimates, R 2 statistics, cross-sectional average pricing errors, variance-weighted composite pricing errors, and the Hansen-Jagannathan distance measure. Models are estimated both without a constant, i.e. with the zero-beta rate confined to equal the T-bill return, and with a constant, allowing the zero-beta rate to be freely estimated. When estimated without a constant, we are asking the model to fit the unconditional equity premium, in addition to fitting across the 25 stock return portfolios.
V.1 Traditional models
The second stage of estimation gives us the λ coefficients of the cross-sectional models. In table (2) we present estimates of the base case C-CAPM, the traditional CAPM, and the Fama-French three factor model.
The models generally do a poor job of explaining the equity premium. The constant is significantly different from zero, when included, even though we are estimating the models on excess returns. In this case, the theory would predict the constant to be zero.
Estimation of the CAPM with unrestricted zero-beta rate results in a negative coefficient on the market return beta. This is one of the classic problems seen in empirical estimates of the model. Unlike that predicted by theory, this implies that assets with high return covariance with the market give lower excess returns, than assets with low market betas. The coefficient is insignificant and the low R 2 emphasizes the poor performance of the static CAPM, as has also been found in previous studies. When we restrict the zero-beta rate to equal the risk-free rate, a significant positive coefficient results. This stems from the aggregation of the coefficient estimate on the constant in our unrestricted model and the market return beta term. As the market return beta structure is relatively flat across average portfolio returns, this term behaves almost as a constant in the cross sectional regression. Hence, when the zero beta rate is restricted to equal the risk free rate, much of that which was previously captured by the intercept term is compounded into the market return beta term.
The C-CAPM preforms marginally better than the static CAPM. The adjusted R 2 for the unrestricted zero-beta model rises to 17%, compared to 7% for the CAPM, though the consumption coefficient is statistically insignificant. Only when the zero-beta rate is restricted to equal the risk-free rate, does consumption growth obtain a significant positive coefficient. Thus, even without imposing a structure on the model in the form of a specific utility function, we observe poor empirical performance.
The third model of the table can be seen as a log linearized version of the C-CAPM with Epstein-Zin-Weil (EZW) utility. This model contains the market return factor of the CAPM and the consumption growth factor of the C-CAPM. It is included, because it is this version of the C-CAPM that forms the basis of the Campbell and Vuolteenaho (2004) model, to be estimated shortly. The parameter estimates are similar to those found in the previous models. We still obtain a negative coefficient on the market return, when the zero-beta rate is unrestricted. However, the consumption growth factor becomes significantly positive in both cases. There is a rise in the adjusted R 2 to 47% in the unrestricted case, but it is still negative when the zero-beta rate is restricted to equal the risk-free rate.
For the Fama-French model, the pattern for the market return mirrors that found in the CAPM, with a lambda estimate of -1.1196. The additional factors of the Fama-French model are thus surprisingly not able to explain the negative market return coefficient, when the zero-beta rate is allowed to vary freely. However the HML factor is consistently significantly positive and the adjusted R 2 has risen to around 65%. The market beta pattern is contrary to evidence from Lettau and Ludvigson (2001b) , where a positive coefficient is estimated for the market return beta. There is a slight difference in the time periods on which our model estimates and those of Lettau and Ludvigson (2001b) are based. If we instead estimate the Fama-French model on our data, but using the time period from the third quarter of 1963 to the third quarter of 1998, corresponding to that of Lettau and Ludvigson (2001b) , we obtain estimates similar to those found in their paper. The model estimates for this subperiod are presented in table (3) . As is evident, we now obtain a positive coefficient estimate on the market return beta of 1.3198. The coefficient estimate on the market return of the Fama-French model thus appears to be extremely unstable. In fact, we need only add four to five quarters of data to the Lettau and Ludvigson subsample, in either the preceding or succeeding period, to go from a positive coefficient estimate to a negative coefficient estimate.
The basis for this pattern can easily be found if we take a quick look at the market return beta values computed in our first stage estimates with the full sample. The market return betas across the 25 test portfolios are presented in table (4) . As is evident, there is very little variation in the beta values across assets. The estimated value is close to 1 for all assets. When we come to estimating the cross sectional regression the market beta regressor will mimic the features of a constant regressor with value 1. In our unrestricted zero beta model, the pure constant will capture the intercept value of the series. As there is only very little variation left in the market return beta, the estimated cross sectional coefficient becomes insignificant and unstable across subperiods. If we restrict the zero beta rate to equal the risk-free return, the market return beta steps in and acts almost as a constant. The estimated coefficient is very close to equaling the sum of the constant and market return beta coefficient estimates from the unrestricted model. This is exactly the same pattern as that observed for the CAPM. If we take this to the extreme and completely eliminate the market return factor from the Fama-French model, we see how little impact this factor in actuality has on the cross sectional model. The last two columns of table (2) report estimates of a model based on the two factors HML and SMB. When including a constant this model performs better on all pricing error measures than the Fama-French 3 factor model without a constant.
In addition to looking at the credibility of the coefficient estimates of the models, we want to measure the pricing ability by investigating the magnitude and statistical significance of the pricing errors resulting from the empirical estimates. Table ( 2) presents a χ 2 test of zero pricing errors, both with and without the Shanken correction. Only in the Shanken corrected C-CAPM with restricted zero-beta and in the unrestricted EZW C-CAPM cases are we not able to reject the hypothesis of zero pricing errors. Given the large average pricing errors of 0.7366 in the C-CAPM case, this failure to reject is more a result of large standard errors and a large Shanken correction coefficient, than of small pricing errors.
To look at the comparative magnitude of pricing errors across models, four numbers are presented. These are the squareroot of average squared pricing errors, the Hansen-Jagannathan distance measure, and two measures of variance weighted pricing errors. The weighting matrices are the full variance-covariance matrix of portfolio returns and a diagonal matrix of the variances of portfolio returns.
If we look at the comparative magnitude of pricing errors across models, the Fama-French model results in the lowest average pricing errors. The average pricing error is 0.32 and 0.34 in the unrestricted zero-beta and restricted zero-beta case respectively. Average pricing errors are slightly smaller for the C-CAPM than for the CAPM. For the unrestricted zero-beta case the C-CAPM has an average pricing error of 0.55 and the CAPM has 0.58. The improvement in pricing ability resulting from moving from the static CAPM to the intertemporal C-CAPM is thus marginal, in accordance with previous empirical findings. In all cases, the restricted zero-beta versions of the models perform worse than the unrestricted case. On the one hand this is to be expected, as we have more free parameters in the unrestricted case. On the other hand, if we are to follow the theory underlying the models, the constant should be zero. So the fact that the models perform better with a constant indicates a failure of the underlying theory.
When weighting pricing errors by portfolio variances, using the diagonal matrix results in exactly the same comparative pattern as simple average pricing errors. With the full variance-covariance matrix, the CAPM has lower pricing errors than the C-CAPM.
V.2 I-CAPM
This section treats estimates of the Campbell and Vuolteenaho I-CAPM in both its restricted and unrestricted form as stated in table (5) . Additionally, a simple model based on the factors included in the VAR of the I-CAPM is estimated.
The first general tendency we observe, across all three models, relates to the effect of allowing the zero-beta rate to vary freely versus restricting it to equal the risk-free rate. The coefficient on the constant, when this is included, is insignificant in all cases, resulting in only small differences between the two model versions. The models thus appear relatively good at handling the equity premium. Only for the restricted CV model is there an observable difference in the R 2 and pricing errors between the restricted and unrestricted zero-beta rate versions.
If we look at the coefficient estimates on the risk factors of the I-CAPM, the risk price on the cash flow beta is significantly different from zero. It is also much higher than that placed on the discount rate beta. This is the case both when the risk price on the discount rate beta is freely estimated and when it is restricted to be equal to the variance on N DR . Campbell and Vuolteenaho (2004) refer to this pattern as the story of the good beta and the bad beta. Namely, that it is risk associated with cash flows, which is priced highest by investors. Investors require higher excess returns on stocks with a high cash flow beta or "bad beta", as shocks to cash-flows are of a permanent nature in contrast to the transitory behaviour of discount rate shocks. Estimates of the two betas for all 25 portfolios are presented in table (6) . If we look at the beta pattern across assets for the two factors in the I-CAPM, we find that this beta is higher for growth than value stocks. It is also higher for small stocks than large stocks, thereby explaining the tendency for small and growth stocks to have higher average returns than large or value stocks. As is evident from (30), we can derive the risk aversion coefficient of investors from the restricted CV-model. With a freely estimated zero-beta rate this is 31 and 16 for the case where the zero-beta rate is restricted to be equal to the risk-free rate.
When comparing pricing errors, the restricted CV model performs slightly worse than the unrestricted version. The unrestricted model results in an average pricing error of 0.39 in both the restricted and unrestricted zero-beta case compared to 0.42 and 0.49 for the restricted model with unrestricted and restricted zero-beta respectively. The restricted CV-model still has much higher R 2 and lower pricing errors than the traditional C-CAPM or static CAPM. In fact both the unrestricted and the restricted CV models show an improvement in asset pricing ability over the traditional C-CAPM and the EZW C-CAPM. The average pricing error of the EZW C-CAPM with a constant is 0.44 compared to 0.42 for the restricted CV-model with a constant. There is thus only a slight improvement in pricing errors. If we take into account the fact that the EZW C-CAPM has two additional free parameters in comparison to the CV-model, the performance of the CV-model is relatively impressive. We cannot statistically reject the hypothesis of zero pricing errors for the CV models when a constant is included. This goes for both the restricted and unrestricted CV-model.
The final two columns of table (5) present estimates of the VAR factor model. Unlike the CAPM and Fama-French models, the beta on the market return is positive in this case, as predicted by the theory. We observe that the value spread factor is not statistically different from zero in the model. This despite the high importance placed on this variable by Campbell and Vuolteenaho (2004) . The beta of the factor, from the first stage estimate, does however seem to vary greatly across asset portfolios 5 . When the zero-beta rate is freely estimated, only the term yield factor is significant. We do find an adjusted R 2 of 0.82 and a relatively low pricing error of 0.23 for this model. The low degree of significance in the coefficient estimates on the factors included suggests that this may be more due to the high number of free factors in this model, rather than an actual ability of the factors to explain the asset return patterns found.
V.3 Conditional models
The final set of models to be estimated, are conditional versions of the CAPM and C-CAPM. The models are estimated as scaled factor models using the log consumption-wealth ratio proxy cay as scaling factor and results are presented in table (7).
Across all the models, the time-varying component of the intercept has little power in explaining average excess returns. However, the coefficient on the constant is statistically significant for all three models. This indicates that even when we allow for time variation in the factor coefficients the zero-beta rate does not equal the risk-free rate.
Unlike Lettau and Ludvigson, we find no significance of the scaled consumption factor in the conditional C-CAPM, when the zero-beta rate is freely estimated. When this is restricted to equal the risk-free rate, the scaled factor does become significant, but only when we do not take the Shanken correction for sampling error in the β 0 s into account. In this case we find a significant positive coefficient on scaled consumption growth. The pattern is similar to that observed in the unconditional model, where a significant positive coefficient on consumption growth was found. This indicates that the effect of consumption growth on average excess stock returns, is driven by the time-varying component.
Compared to the unconditional C-CAPM the adjusted R 2 of the conditional model has gone from 0.14 to 0.5 and -0.5 to 0.23 for the unrestricted and restricted zero-beta case respectively. So we do see a large improvement in the ability of the model to explain the observed asset returns. If we compare the average pricing errors, this pattern also comes through. Average pricing errors fall from 0.55 for the unconditional C-CAPM to 0.4 for the conditional model, in the unrestricted zero-beta rate case. When looking at composite pricing errors using the full variance-covariance matrix there is only a small difference in the pricing ability of the conditional and unconditional C-CAPM. Using the diagonal variance matrix shows a slight improvement when scaling the factor. The composite pricing error drops from 0.0519 to 0.0354 in the unrestricted zero-beta case, and 0.1086 to 0.0621 when the zero-beta rate is restricted to equal the risk-free rate.
The conditional CAPM performs much better than the unconditional model. For the CAPM, the scaled factor is significantly positive. It thus appears, that part of the problems of the static CAPM can be solved by allowing timevariation in the market return coefficient. The average pricing error is almost halved by introducing a scaling variable. It drops from 0.8166 to 0.4802. In fact, when the zero-beta rate is restricted to equal the risk-free rate the conditional CAPM outperforms the conditional C-CAPM. When the zero-beta rate is freely estimated, the conditional C-CAPM has slightly lower pricing errors than the conditional CAPM.
The conditional EZW model with a constant only results in significant coefficient estimates for the constant. The remaining parameters are found to be insignificant. Thus, even though this model results in the lowest average pricing error across the models estimated conditionally, one should be weary of placing too high importance on this. The model also has more free parameters to operate with than the CAPM and C-CAPM. With the poor coefficient estimates, the good pricing performance is more likely due to this large number of free parameters than to actual better pricing ability stemming from the factors included in the model. Even when the factors of the EZW are scaled, the unrestricted CV-model preforms equally well.
V.4 Comparison of the two strands
We have now estimated models stemming from two different strands of literature, both attempting to improve upon the empirical pricing ability of the C-CAPM. From the results presented in tables (2), (5), and (7) we observe that both strands offer some improvement in pricing the 25 Fama-French portfolios. What remains is to compare the two strands to each other.
First we will look at models where a constant has been included. The average squared pricing error of the conditional EZW C-CAPM is slightly smaller than that of both the restricted and unrestricted CV-model. So when giving equal weight to the pricing errors from the 25 portfolios, the conditional EZW C-CAPM outperformes the Campbell and Vuolteenaho setup. However, the conditional C-CAPM, that is the model without the market return factor, has slightly higher average squared pricing errors than the unrestricted CV-model but slightly lower than the restricted CV-model. When pricing errors are weighted by the diagonal variance matrix of returns, the pattern is similar to that found using an equal weighting. Except now the conditional C-CAPM results in higher pricing errors than both the restricted and unrestricted CV-model. Using the moment matrix as in the Hansen-Jagannathan distance measure shows a slightly different pattern. Now the best performance is achieved using the unrestricted CV-model, followed by the restricted C-CAPM and EZW C-CAPM. The highest H-J measure is obtained from the restricted CV-model. The same pattern is found when comparing pricing errors using the full variance-covariance matrix of returns as weighting matrix.
Next we look at models where we restrict the zero-beta rate to equal the riskfree rate of return by working without a constant in our cross-sectional models. Based on average squared pricing errors, the unrestricted CV-model outperforms the conditional C-CAPM and EZW C-CAPM. The restricted CV-model has lower pricing errors than the conditional C-CAPM, but not the conditional EZW C-CAPM. The same pattern is observed when weighting pricing errors by the diagonal variance matrix of returns. When using the full variance-covariance matrix, the restricted and unrestricted CV-models both clearly outperform the conditional C-CAPM and EZW C-CAPM. If we evaluate the pricing ability of the model by weighting pricing errors by the moment matrix as suggested by the Hansen-Jagannathan distance measure, the same pattern is observed.
The overall picture resulting from the comparison of the two new literature strands is thus, that they both offer improved pricing ability over the traditional C-CAPM. However, we can't say on the basis of these models, that we have found an unambiguous solution to the empirical problems of the C-CAPM. There is no clear cut winner.
V.5 Pricing ability
To give a more visual description of the pricing capability of the models investigated, the graphs presented in figure1, figure2, and figure3 show plots of average realized excess returns and the average excess returns obtained from the respective models. Realized returns are plotted along the horizontal axis and estimated returns along the vertical axis. If a given model were to fit the empirical data perfectly, all observations would lie along the 45
• line. From the plots of the four traditional models in figure 1 , it is clear that the Fama-French model has the best performance. The points are relatively close to the 45
• line and there are no extreme outliers. It is also obvious that the CAPM fits the data poorly. In fact, the portfolios with the lowest realized excess returns obtain the highest estimated excess returns from the CAPM. These are the small growth portfolios. The extreme outliers below the 45
• line are also from the small size quantile, but are on the other end of the BE/ME spectrum as value stocks. This is the well documented value-effect, which the static CAPM is unable to handle. The C-CAPM does slightly better, but is still unable to fit the realized excess return of the small growth portfolio. As the CAPM documents, there is little pricing ability in the market return factor. Including this along with the consumption growth factor, as is done with the EZW C-CAPM, thus results in plots closely mimicking the C-CAPM.
The intertemporal models of Campbell and Vuolteenaho perform somewhat better than the traditional C-CAPM and CAPM, as can be seen in figure 2 . In the unrestricted case particularly, realized and estimated excess returns line up relatively well. The restricted CV model faces some of the same problems as the static CAPM. Estimated excess returns for the small growth and small value stock portfolios are very close, especially when the zero-beta rate is restricted to equal the risk-free rate. This contradicts the empirical observations of a realized annualized excess return of 4.8% for the small growth portfolio and 14.3% in the small value portfolio case. Both the CV-models have problems fitting the small growth portfolio situated as the left most point on both plots. The models predict higher returns than the empirically realized excess return of 1.2% per quarter. The best fit is found when estimating the four factor model that includes the VAR factors of the Campbell and Vuolteenaho I-CAPM. The plots of portfolio returns lie very close to the 45
• line and there is no value or size effect issues. As could be expected, the more free factors, the better model fit results.
The final models investigated are the conditional CAPM and C-CAPM. As can be seen from figure 3, there is still some dispersion in the plots around the 45
• line. In comparison to the unconditional models however, a clear improvement can be noted. Especially in the case of the CAPM. The conditional C-CAPM fits the small growth portfolio slightly better than the CV-models. The conditional EZW C-CAPM without a constant also fits this portfolio relatively well, but on the other hand has problems with the small value portfolio located at the right most point on the figure. There thus still seems to be some problems in fitting the value premium.
VI Concluding remarks
The consumption based capital asset pricing model (C-CAPM) has had an important place in the finance research literature over the past 25 years, despite the poor empirical performance of the model. The reason it has maintained the interest of the academic world, is the simplicity and intuitive appeal of the theory underlying the model. We are thus not interested in dismissing the model completely. Instead focus is on the assumptions made to get from the basic idea of the priced risk of an asset being determined by the asset's covariance with the marginal utility of consumption, to the risk measures estimated empirically. Can the empirical problems of the C-CAPM be solved by revising these assumptions?
A number of alternative models attempting to improve on the pricing ability of the C-CAPM have been developed. Two strands of the literature are investigated in this paper. The intertemporal CAPM of Campbell and Vuolteenaho (2004) and the conditional C-CAPM of Cochrane (1996) and Lettau and Ludvigson (2001b) .
The first model is based on the assumption that empirical consumption data is a poor proxy for the measure of consumption referred to in the theoretical C-CAPM. If the deviations between the theoretical and empirical measures of consumption are large, these data issues may be the root of the poor empirical performance of the C-CAPM. From this observation Campbell and Vuolteenaho (2004) develop a two beta intertemporal model, based on the same framework as the C-CAPM, but without reference to consumption. Instead the asset risk premium is determined by a cash-flow and a discount-rate beta.
The second set of models investigated, focus on the conditional pricing ability of the C-CAPM. The reasoning behind this setup is recent empirical evidence of time variation in expected returns. If the cause of this is time-varying risk prices, then we must incorporate it into the model. This can be achieved by restating the C-CAPM conditionally, in a scaled factor model setup. The approximate log consumption-wealth ratio cay of Lettau and Ludvigson (2001a) is used as conditioning variable.
The traditional C-CAPM, as well as the CAPM and the well known three factor Fama-French model are estimated on quarterly US data. These are then compared to estimates of the models from the two alternative strands of literature, to investigate whether any quantifiable improvements have been made in the empirical asset pricing ability. The assets priced are the 25 size and BE/ME sorted Fama-French portfolios.
The empirical results of this paper underline previous research showing the poor performance of the C-CAPM as well as the static CAPM. The estimated coefficients are insignificant or of the wrong sign, compared to that predicted by the underlying theory. The C-CAPM has slightly lower average pricing errors than the CAPM, but is still unable to explain the value and size effects.
Compared to the C-CAPM the intertemporal model of Campbell and Vuolteenaho (2004) has much higher R 2 and lower pricing errors. The two betas of the model do a better job than the traditional models of fitting the unconditional equity premium. However, there are still some problems in matching the realized returns on the extreme small growth stock portfolio. Especially when we restrict the price of discount-rate risk to equal the sample variance of the discount rate.
When scaling the consumption growth factor of the C-CAPM to obtain an estimate of the conditional C-CAPM, we also find improved asset pricing ability. With an unrestricted zero-beta rate, average pricing errors fall from 0.55 for the unconditional C-CAPM to 0.4 for the conditional model. However, neither the consumption growth nor the scaled consumption growth factor are statistically significant.
Both the alternative models thus provide improved asset pricing ability over the C-CAPM, but does one of the alternative theories outperform the other. Is there a clear candidate to take the place of the traditional C-CAPM. To answer this question, a number of weighted pricing error measures have been estimated for the various models. Comparing the resulting observations can only lead one to the conclusion, that there is no clear cut winner. None of the models from the alternative literature strands perform significantly better than the others. In fact, which strand results in the lowest weighted pricing errors, is very much dependent on the weighting matrix chosen. Generally the Campbell and Vuolteenaho (2004) framework has lowest pricing errors when using a full variance-covariance matrix of returns or the moment matrix. The picture becomes more blurred when looking at average squared pricing errors or errors weighted by the diagonal variance matrix of returns.
On the basis of these observations it thus seems wise to continue the search, as it were. Squares represent estimates for the version with the zero-beta rate restricted to equal the risk-free rate and circles give estimates where the zero-beta rate is freely estimated. Conditional EZW C-CAPM
